To improve the landfalling tropical cyclone (TC) forecasting, the pseudo inner-core observations derived from the optimal-member forecast (OPT) and its probability-matched mean (OPTPM) of a mesoscale ensemble prediction system, namely TREPS, were assimilated in a partial-cycle data assimilation (DA) system based on the three-dimensional variational method. The impact of assimilating the derived data on the 12-h TC forecasting was evaluated over 17 TCs making landfall on Southern China during 2014-2016, based on the convection-permitting Global/Regional Assimilation and Prediction System (GRAPES) model with the horizontal resolution of 0.03 • . The positive impacts of assimilating the OPT-derived data were found in predicting some variables, such as the TC intensity, lighter rainfall, and stronger surface wind, with statistically significant impacts at partial lead times. Compared with assimilation of the OPT-derived data, assimilation of the OPTPM-derived data generally brought improvements in the forecasts of TC track, intensity, lighter rainfall, and weaker surface wind. When the data with higher accuracy was assimilated, the positive impacts of assimilating the OPTPM-derived data on the forecasts of heavier rainfall and stronger surface wind were more evident. The improved representation of initial TC circulation due to assimilating the derived data improved the TC forecasting, which was intuitively illustrated in the case study of Mujigae.
Introduction
The operational forecasting of tropical cyclone (TC) tracks has been significantly improved in the last two decades [1] [2] [3] . However, the progress in the TC intensity and structure forecasting is still modest [4] [5] [6] . TCs can cause hazardous disasters, such as strong wind, heavy rainfall, and storm surge, which are strongly related to the TC intensity and structure [7, 8] . Thus, in order to reduce losses caused by these disasters in terms of human life and economic interests, which are especially serious in Southern China [9, 10] , it is very important and urgent to improve the forecasts of TC intensity and the related rainfall and wind.
Developing high-resolution numerical weather prediction (NWP) models is an essential way to better predict the TC intensity and structure [2, [11] [12] [13] , because the TC intensity is primarily determined by small-scale dynamics and moist processes. Besides, improving the representation of TC intensity and structure in the initial condition (IC) by assimilating inner-core observations, such as bogus vortex [14] , dropsondes [15] , and airborne Doppler radars [16] , is an effective means for improving the Figure 1 . Tracks of the 17 tropical cyclones (TCs) examined in this study from the CMA best-track analysis. Here, the TC position at the first forecast initialization time is used as the beginning of the track. The sizes of the TC symbols represent the TC intensities, with larger sizes corresponding to stronger TCs; the number in parentheses is the first forecast initialization time (UTC) for the TC; the thin red solid rectangle indicates the domain for GRAPES-MARS3KM, with the thick red dashed lines outlining the "inner range" of GRAPES-MARS3KM; the dashed black rectangle indicates the verification area. 'FJ', 'GD', and 'HN' indicate the 'Fujian', 'Guangdong', and 'Hainan' provinces, respectively.
Both the Lateral Boundary Conditions (LBCs) for GRAPES-MARS3KM and the first background field for DA are determined from DETER. However, due to the limited range of TREPS, both the LBCs and the first background field provided by the DETER cannot adequately cover the domain of GRAPES-MARS3KM for some TC cases. In such cases, the HRES forecasts are used.
Partial-Cycle DA System
The DA system used here is GRAPES-CHAF3KM [Z16], which is based on the GRAPES 3D-Var framework [35, 46] along with the multigrid technique [47] and the partial cycling strategy [48] .
The GRAPES 3D-Var framework uses the incremental 3D-Var analysis scheme [49] , which is similar to that used with the Weather Research and Forecasting model [50] . The cost function is as follows: Figure 1 . Tracks of the 17 tropical cyclones (TCs) examined in this study from the CMA best-track analysis. Here, the TC position at the first forecast initialization time is used as the beginning of the track. The sizes of the TC symbols represent the TC intensities, with larger sizes corresponding to stronger TCs; the number in parentheses is the first forecast initialization time (UTC) for the TC; the thin red solid rectangle indicates the domain for GRAPES-MARS3KM, with the thick red dashed lines outlining the "inner range" of GRAPES-MARS3KM; the dashed black rectangle indicates the verification area. 'FJ', 'GD', and 'HN' indicate the 'Fujian', 'Guangdong', and 'Hainan' provinces, respectively.
The GRAPES 3D-Var framework uses the incremental 3D-Var analysis scheme [49] , which is similar to that used with the Weather Research and Forecasting model [50] . The cost function is as follows:
where X a and X b denote the analysis and background fields, respectively, and y o denotes the observation vector; H denotes the observation operator; the background and observation error covariance matrices are denoted by B and R, respectively. Stream function, velocity potential, unbalanced Exner pressure, and pseudo-relative humidity are used as control variables in this system. In GRAPES 3D-Var, a linear balance equation which contains the curvature function is used to improve the balance between the wind and pressure in TCs. The background error covariances are estimated by the innovation vector method [51] and then tuned to meet the needs of assimilation for the convection-permitting model. Recently, the multi-grid technique was proposed to assimilate the multi-scale information of observations on grids with different resolutions [47] . The cost function used in the multi-grid technique is as follows: n (H n x a n − y o n ) (2) where n denotes the grid level with the total grid levels equaling N. The final analysis is the sum of the incremental analyses at all grid levels:
x a n (n = 1, 2, . . . , N)
where x a n denotes the solution of the minimization at the nth grid level. In the current GRAPES 3D-Var, only two grid levels (i.e., N = 2) are used. Based on the multigrid technique, a two-step 3D-Var analysis is conducted. First, the large-scale background fields are generated by projecting the model grid onto a coarse grid containing half the number of domain grid points, then the corresponding large-scale analyses are produced by 3D-Var analysis with the large-scale background error covariances with larger-scale length scales. Second, the large-scale analyses are interpolated onto the model grid to create the new small-scale background fields, then the corresponding small-scale analyses are produced via 3D-Var analysis with the small-scale background error covariances with smaller-scale length scales and adopted as the final analyses. Currently, this multi-grid GRAPES 3D-Var scheme has been applied in both the heavy rainfall [39] and TC [52] forecasting in Southern China. The 6-h partial cycling strategy is implemented as follows. A cold start of multi-grid 3D-Var analysis is activated 6 h prior to the initial time of the 12-h forecasts, with the forecasts of DETER or ECMWF HRES as the background fields. Subsequent assimilation cycles are run at an interval of 3 h, with the 3-h forecasts of GRAPES-MARS3KM issued from the previous analysis as the background fields.
Experimental Design
Analysis-forecast cycles based on GRAPES-CHAF3KM and GRAPES-MARS3KM were carried out, with the focus on the TCs making landfall on Southern China during 2014-2016. The configuration of these analysis-forecast cycles is shown in Figure 2 . According to the TC track forecasting from TREPS EM, if the target TC is predicted to land in 24-36 h, the 6-h DA cycling with GRAPES-CHAF3KM and the subsequent 12-h forecasts with GRAPES-MARS3KM initiate per 12 h unless the target TC has made landfall before the initial time. Note that, if the target TC is predicted by TREPS EM to be located outside the "inner range" of GRAPES-MARS3KM (Figure 1 ) at the time when the cold start of GRAPES-CHAF3KM initiates, the corresponding analysis-forecast cycles are not conducted, because the TC circulation is not well covered by the domain of GRAPES-MARS3KM. Here, if the range from the target TC center to the half of the surface-wind radius of 17.2 m s −1 (gale_radius, hereafter), which is reported in WARNING, is completely outside the inner range of GRAPES-MARS3KM, the TC is defined outside the inner range. During the experimental period, 17 TC cases ( Figure 1 ) with 28 12-h forecasts were collected.
Two experiments, namely control (CTL) and assimilation of OPT-derived observations (AOPT) respectively, were conducted to investigate the impacts of assimilating OPT-derived observations on TC forecasting of GRAPES-MARS3KM. Data from four types of observation (see Figure 1a of [Z16] for the distributions), i.e., radiosonde, surface station, ship, and wind-profiling radar, were assimilated in CTL. AOPT was identical to CTL except that OPT-derived observations were also assimilated. The impact of assimilating OPT-derived observations was thus evaluated by comparing the skill scores, which are introduced below, between CTL and AOPT.
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Forecast Verification
Similar to [Z18], the TC center in this study is defined as the minimum of the geopotential height at 850 hPa (For all the TC cases examined in this study, the comparison between the TC center based on the minimum of the 850-hPa geopotential height and the center of the 850-hPa TC circulation showed small departures between each other), while the lowest SLP within 100 km of the TC center is used to define the minimum central pressure, viz. Pmin, and the highest 10-m wind speed within 250 km of the TC center is used to define the maximum sustained wind speed, viz. Vmax. The CMA best-track dataset ( [53] ; http://tcdata.typhoon.gov.cn) was used to calculate the absolute track, Pmin and Vmax error over the set of 28 forecasts. To ensure a fair comparison, a homogeneous sample of TC cases with observed or predicted Vmax larger than 10 m s −1 was used.
Forecasts of 1-h accumulated rainfall and 10-m wind were verified against hourly rainfall and 10-m wind observations respectively, from the automatic weather stations (AWSs) densely distributed over Southern China (see Figure 1b of [Z16] for the distributions). Both rainfall and 10-m wind observations were interpolated to the NWP model grids with Cressman interpolation to calculate skill scores. Fraction skill score (FSS; [54] ) was computed for the 1-h accumulated rainfall and 10-m wind in consideration of the more significant "double penalties" due to the displacement error in the verification of high-resolution forecasts [55] . In calculating FSS, "neighborhood length" was defined as the length of area over which the fractions were computed. FSS was calculated for varying precipitation thresholds over different neighborhood lengths. However, only the 50-km- Figure 2 . Schematic configuration of the analysis-forecasts cycles using GRAPES-CHAF3KM and GRAPES-MARS3KM. The analysis-forecasts cycles for TC Mujigae are shown as an example. ECMWF: European Centre for Medium-range Forecasts (HRES); DETER: control (deterministic or unperturbed) forecasts of TREPS; GRAPES: Global/Regional Assimilation and Prediction System.
Similar to [Z18], the TC center in this study is defined as the minimum of the geopotential height at 850 hPa (For all the TC cases examined in this study, the comparison between the TC center based on the minimum of the 850-hPa geopotential height and the center of the 850-hPa TC circulation showed small departures between each other), while the lowest SLP within 100 km of the TC center is used to define the minimum central pressure, viz. P min , and the highest 10-m wind speed within 250 km of the TC center is used to define the maximum sustained wind speed, viz. V max . The CMA best-track dataset ( [53] ; http://tcdata.typhoon.gov.cn) was used to calculate the absolute track, P min and V max error over the set of 28 forecasts. To ensure a fair comparison, a homogeneous sample of TC cases with observed or predicted V max larger than 10 m s −1 was used.
Forecasts of 1-h accumulated rainfall and 10-m wind were verified against hourly rainfall and 10-m wind observations respectively, from the automatic weather stations (AWSs) densely distributed over Southern China (see Figure 1b of [Z16] for the distributions). Both rainfall and 10-m wind observations were interpolated to the NWP model grids with Cressman interpolation to calculate skill scores. Fraction skill score (FSS; [54] ) was computed for the 1-h accumulated rainfall and 10-m wind in consideration of the more significant "double penalties" due to the displacement error in the verification of high-resolution forecasts [55] . In calculating FSS, "neighborhood length" was defined as the length of area over which the fractions were computed. FSS was calculated for varying precipitation thresholds over different neighborhood lengths. However, only the 50-km-length FSS was compared between various forecasts here, as in [56] , because the conclusions based on the comparison of FSS with other neighborhood lengths are nearly the same. FSS ranges from 0 to 1, with higher values corresponding to higher skills.
The skill scores, i.e., absolute track/intensity error and FSS, were computed by averaging over the 28 forecasts and the verification area (Figure 1 ). For the comparison of these skill scores, statistical significances of the differences between different forecasts, e.g., CTL and AOPT, were assessed using a bootstrap resampling procedure. Specifically, random samples of skill scores were generated with replacement, and then the differences of skill scores were calculated. This procedure was repeated 1000 times and bootstrapping was performed on the score differences between the paired samples. The rank at which the resampled score differences crossed zero was used as the significance level [11] to represent the probability that two skill scores were distinct. Here, a 90% significance level indicates a 90% probability that two skill scores differ.
Cases Overview
Most of the 17 TCs moved northwestward from the Western North Pacific or SCS to the southeast coast of China and mainly made landfall on the Fujian (FJ), Guangdong (GD), and Hainan (HN) provinces. For TCs evolved around the northeast of the model domain, the description of steering flows from the subtropical ridge in GRAPES-MARS3KM is generally insufficient, because the subtropical ridge only covers the limited area of the model domain. In order to quantitatively identify such TCs, the distances between the observed TC center, which is reported in WARNING, and the northern and eastern lateral boundaries are respectively calculated and averaged over all the analysis times. For a given TC case, if the sum of these two distances is smaller than 10.5 • , it is classified as "northeast TC". Among the 17 TCs, northeast TCs include Matmo, Soudelor, Dujuan, Meranti, and Megi. For such TC cases, the forecast performances of track based on OPT are overall poorer than those for the other TC cases (not shown), which are classified as "non-northeast TCs".
Mujigae, the strongest TC making landfall on GD in October since 1949, landed on GD at around 0600 UTC 4 Oct 2015 with P min of 935 hPa and V max of 52 m s −1 . Accompanied by several TC-spawned tornadoes, Mujigae had caused great damage in GD [57, 58] . Mujigae entered SCS at 0200 UTC 2 October and strengthened rapidly with V max increasing from 28 (at 0600 UTC 3 Oct) to 50 (at 0600 UTC 4 Oct) m s −1 . In view of the serious nature of the resulting disaster and its rapid intensification (RI), which is difficult to be skillfully predicted currently [17] , Mujigae was selected as the case study.
OPT-Derived Data and Preprocessing

Construction of OPT
TREPS comprises one unperturbed and 30 perturbed forecasts ranging up to 60 h at 0.09 • horizontal resolution. The 30 60-h perturbed forecasts are used to construct OPT, which provide 60-h deterministic forecasts. Specifically, a single member was selected to be OPT based on the closeness of the perturbed ensemble members' forecasts to both EM forecasts (for both track and intensity) and the latest observations of WARNING. OPT was determined by minimizing a cost function as follows:
The first term on the right-hand side of Equation (4) measures the closeness to the latest observations, where T j i , P j i , and W j i denote absolute errors of the track, P min , and V max , respectively, against WARNING observations for member i at lead time j; µ j = 1000.0/P j obs is the weighting factor depending on the P min observation P j obs at lead time j. The second term on the right-hand side measures the closeness to EM forecasts, where T j i , P j i , and W j i denote absolute differences of the track, P min , and V max, respectively, compared with EM forecasts for member i at lead time j. σ T , σ P , and σ W denote the standard deviation of the TC track (15 km), P min (4 hPa), and V max (1 m s −1 ), respectively, which are used to normalize the various variables to maintain their mutual balance. If more than one member had a minimum cost function, OPT were produced by averaging over these members.
Data Derived from OPT
For each grid point in OPT, if its distance from the observed TC center reported in WARNING was smaller than the gale_radius, the corresponding variables located at this grid point were selected to be derived. Considering that OPT is a type of forecast product, the variables derived from OPT are probably characterized by spatial correlations in the forecast error. Thus, when OPT-derived data were used as the pseudo observations, these observations may be horizontally correlated, implying that there are probably correlations in the "observation error". In order to reduce the impacts of correlated observation errors on DA, data thinning has been widely used [59] [60] [61] . Consequently, the grid points of OPT were selected at an interval of 5. Because the horizontal resolution of TREPS is 0.09 • × 0.09 • , the horizontal resolution of OPT-derived data is about 45 km (Figure 3a ).
For each grid point in OPT, if its distance from the observed TC center reported in WARNING was smaller than the gale_radius, the corresponding variables located at this grid point were selected to be derived. Considering that OPT is a type of forecast product, the variables derived from OPT are probably characterized by spatial correlations in the forecast error. Thus, when OPTderived data were used as the pseudo observations, these observations may be horizontally correlated, implying that there are probably correlations in the "observation error". In order to reduce the impacts of correlated observation errors on DA, data thinning has been widely used [59] [60] [61] . Consequently, the grid points of OPT were selected at an interval of 5. Because the horizontal resolution of TREPS is 0.09° × 0.09°, the horizontal resolution of OPT-derived data is about 45 km (Figure 3a) . U, V, geopotential height, temperature (T), and relative humidity (RH), which were derived from OPT at 1000, 925, 850, 700, 600, 500, 400, 300, 250, 200, 150, and 100 hPa, were used in a similar way to radiosonde observations. The surface variables from OPT, including SLP, 10-m U, 10-m V, 2- U, V, geopotential height, temperature (T), and relative humidity (RH), which were derived from OPT at 1000, 925, 850, 700, 600, 500, 400, 300, 250, 200, 150, and 100 hPa, were used in a similar way to radiosonde observations. The surface variables from OPT, including SLP, 10-m U, 10-m V, 2-m T, and 2-m RH, were used to construct the OPT-derived data in a similar way to surface observations.
Data Derived from OPTPM
As illustrated in [Z18], when OPT was used, there were some mixed results with some degradations in strong and extremely strong wind in TREPS forecasts. These degradations were caused by the excessive smoothing in OPT fields, due to simple averaging over the ensemble members with nearly the same minimum cost function, which was used to determine the optimal members. Thus, underestimations were probably present in the OPT-derived data, especially for strong wind. For Mujigae, the observed V max at 0600 UTC 3 Oct 2015 was 33 m s −1 . However, in OPT fields, which were produced by averaging two ensemble members, the area around predicted TC center with V max exceeding 27 m s −1 was very limited (Figure 3a) , indicating insufficient ability of OPT to describe strong TCs.
In order to cope with the issue of simply averaging all ensemble members, PM was proposed by [62] by blending the spatial pattern of EM fields with the frequency distribution of the whole EPS. Thus, it seems that the PM technique could be used to partially address the underestimations in OPT. In this study, a new TREPS product based on both the OPT and PM techniques, namely OPTPM, was constructed in three steps. First, the frequency distribution was formed by pooling predicted fields Atmosphere 2019, 10, 84 9 of 26 (e.g., 10-m U) from N ensemble members of TREPS, which were all selected to construct OPT, at each grid point in the domain of the OPT-derived data, ranking them from largest to smallest and keeping every Nth value. Second, OPT fields in the domain of the OPT-derived data were also ranked from largest to smallest. Third, the grid point corresponding to the largest OPT fields was assigned the largest value in the frequency distribution, and so on. An example of the OPTPM-derived data is shown in Figure 3b . Compared with OPT fields (Figure 3a) , OPTPM fields described a stronger TC with higher 10-m wind speed and lower SLP (Figure 3b ). The differences in magnitude between OPT and OPTPM fields were more evident around the predicted TC center, where the excessive smoothing in OPT fields was more serious. Note that, because the patterns of OPT fields were the same as those of OPTPM fields, the locations of the TC center and thus the TC tracks did not differ between OPT and OPTPM.
The third experiment, namely AOPM, was thus conducted to investigate the impacts of assimilating OPTPM-derived observations on TC forecasting. AOPM was identical to AOPT except that the OPTPM-derived data instead of the OPT-derived data were assimilated.
Data Accuracy
In order to examine the accuracy of the derived data, the forecast errors of track and V max for both the OPT-and OPTPM-derived data were calculated ( Figure 4 ). . Box-and-whisker plots for absolute errors of the TC track (a) and Vmax (b-d) with best-track data as the truth over all optimal-member forecast (OPT)-and its probability-matched mean (OPTPM)-derived data used in the analysis for forecasts of all TCs (a,b), non-northeast TCs (c), and northeast TCs (d). The red thick line in the box indicates the median value, the circle represents the mean value, the box shows the interquartile range (i.e., the 25th and 75th percentiles), the horizontal line outside the box (i.e., whiskers) marks the percentiles of 1.5 times the interquartile range, and points outside the whisker are outliers.
As illustrated above, the tracks were the same between OPT-and OPTPM-derived data, thus, the absolute track errors were the same between these two data ( Figure 4a ). Overall, the absolute track errors of the derived data were smaller than 100 km, with mean track errors around 50 km.
With a few exceptions, the absolute errors of Vmax for the OPT-derived data were generally below 20 m s −1 (Figure 4b ). Actually, the larger Vmax errors, e.g., 30 m s −1 , were attributed to the stronger TCs, e.g., Rammasun, whose peak maximum Vmax reached 72 m s −1 (Figure 12c of [Z18] ). For the OPTPM-derived data, the absolute errors of Vmax were generally below 15 m s −1 (Figure 4b ). Thus, compared with the OPT-derived data, the OPTPM-derived data showed some improvements in estimating the TC intensity, with the mean Vmax errors reduced from 8 m s −1 to 6 m s −1 . Moreover, the improvements in estimating the TC intensity of the OPTPM-derived data over the OPT-derived data were more evident for northeast TCs (Figure 4d ) than for non-northeast TCs (Figure 4c) .
Compared with the track (Vmax) uncertainties of some TC best-track data [63] , the track (Vmax) errors of the derived data were generally similar although a bit larger, especially for the OPTPM- . Box-and-whisker plots for absolute errors of the TC track (a) and V max (b-d) with best-track data as the truth over all optimal-member forecast (OPT)-and its probability-matched mean (OPTPM)-derived data used in the analysis for forecasts of all TCs (a,b), non-northeast TCs (c), and northeast TCs (d). The red thick line in the box indicates the median value, the circle represents the mean value, the box shows the interquartile range (i.e., the 25th and 75th percentiles), the horizontal line outside the box (i.e., whiskers) marks the percentiles of 1.5 times the interquartile range, and points outside the whisker are outliers.
With a few exceptions, the absolute errors of V max for the OPT-derived data were generally below 20 m s −1 (Figure 4b) . Actually, the larger V max errors, e.g., 30 m s −1 , were attributed to the stronger TCs, e.g., Rammasun, whose peak maximum V max reached 72 m s −1 (Figure 12c of [Z18] ). For the OPTPM-derived data, the absolute errors of V max were generally below 15 m s −1 (Figure 4b) . Thus, compared with the OPT-derived data, the OPTPM-derived data showed some improvements in estimating the TC intensity, with the mean V max errors reduced from 8 m s −1 to 6 m s −1 . Moreover, the improvements in estimating the TC intensity of the OPTPM-derived data over the OPT-derived data were more evident for northeast TCs (Figure 4d ) than for non-northeast TCs (Figure 4c) .
Compared with the track (V max ) uncertainties of some TC best-track data [63] , the track (V max ) errors of the derived data were generally similar although a bit larger, especially for the OPTPM-derived data. Thus, the accuracy of the derived data should be generally acceptable, at least in terms of the TC track and intensity.
Observation Errors
Both OPT and OPTPM fields are the deterministic products of TREPS, which aim to estimate the true atmospheric state. Thus, the observation errors of the OPT-and OPTPM-derived data are closely related to the forecast uncertainties or errors of OPT and OPTPM fields. It is well known that the ensemble spread provided by EPSs can be used to estimate the forecast uncertainty or error [64] . Therefore, the ensemble spreads from TREPS for various variables, which have been used in the OPTand OPTPM-derived data, were used to simply estimate their standard deviations of observation errors.
As an example, Figure 3 shows the horizontal distribution of the ensemble spreads from TREPS for 10-m wind speed. These ensemble spreads increased evidently when approaching the predicted TC center of OPT-or OPTPM-derived data, illustrating larger forecast errors around the predicted TC center. This result is not surprising, because divergence of predicted TC locations between ensemble members often leads to the most evident divergence of predicted surface wind occurring around the ensemble-mean TC center. Additionally, the regions with strong surface wind especially in the northeast quadrant, which are often characterized by large forecast errors (e.g., [19, 65] ), corresponded well with those with large ensemble spreads ( Figure 3 ). This indicated that the ensemble spread provided by TREPS can estimate the observation error of the derived data to some extent.
However, as shown in Figure 3 , the ensemble spread generally ranged from 2 to 6 m s −1 , which was evidently larger than the standard deviation of observation errors for some conventional observations, e.g., radiosonde [66] . Consequently, the analysis increments due to assimilating the derived data would be evidently smaller than those due to assimilating conventional observations, if the ensemble spread was directly used as the estimation of observation errors. To increase the impacts of assimilating the derived data on the analyses, 50% of the ensemble spread was used as the standard deviation of observation errors for both the OPT-and OPTPM-derived data. Actually, some sensitivity experiments, in which the ensemble spread was scaled as 25%, 50%, 75%, and 100% of the original estimate, were conducted for two typical TC cases, which were Mujigae and Soudelor. Among these sensitivity experiments, those with 50% of the ensemble spread as the standard deviation of observation errors showed the best performance in both the TC track and TC intensity forecasting. Especially, 40% of the ensemble spread was used for the OPTPM-derived data in the northeast TC cases, considering the obvious improvements of OPTPM over OPT in estimating the TC intensity for northeast TCs (Figure 4d ). Note that, observation errors of the OPT-and OPTPM-derived data were probably underestimated here. In order to avoid the excessive impacts of the derived data (especially those with poor qualities) on DA, the derived data must be further quality controlled (see the below section).
Quality Control
The quality control (QC) is essential for the derived data, given that such data are in fact based on forecasts of NWP models and are thus characterized by inevitable forecast errors. QC applied here followed two steps.
Firstly, with the TC track and V max reported in WARNING as the truth, the V max bias, track error, and V max error of TC in OPT fields were calculated and averaged over all the analysis times during the 6-h DA cycle. If one of the three situations occurred, that is, the V max bias, track error, and V max error were larger than 5 m s −1 , 100 km, and 20 m s −1 , respectively, both the OPT-and OPTPM-derived data were treated as erroneous data and thus not used in DA. In this case, both AOPT and AOPM were the same as CTL. Actually, the 28 forecasts corresponding to the 17 TC cases ( Figure 1 ) were determined after implementing such QC. Note that, the derived data with large overestimations of TC V max were excluded, because assimilation of such data tended to aggravate the intensity overestimation for weaker TCs in GRAPES-MARS3KM (not shown). After removing the above data, the distributions of the TC V max bias, track error, and V max error for the OPT-derived data used in this study are shown in forecasts. The red thick line in the box indicates the median value, the circle represents the mean value, the box shows the interquartile range (i.e., the 25th and 75th percentiles), the horizontal line outside the box (i.e., whiskers) marks the percentiles of 1.5 times the interquartile range, and points outside the whisker are outliers.
Secondly, observations of the derived data were further quality controlled by comparing the innovations, which were the differences between observations and background fields, with the standard deviation of observation errors. In GRAPES 3D-Var, if the innovations exceed qc times the standard deviation, the observations are assumed to be erroneous and thus not assimilated. Therefore, the value of qc determined how many observations can be assimilated. Considering that there were different characteristics in terms of forecast errors between different TCs for both OPT and OPTPM fields (Figure 4) , different values of qc were set for different TCs as follows.
(1) Since TCs with different intensities show different characteristics of forecast or estimation errors [13, 63] , intensity index was defined here to divide all the 17 TCs into three groups. Specifically, intensity index was calculated as the ratio of Vmax to Pmin, which were both reported in WARNING, and then inflated 100 times and averaged over all analysis times. As shown in Figure  5a , intensity index for TCs investigated here ranged from 1 to 7 m s −1 hPa −1 , with mean of roughly 4 m s −1 hPa −1 . The TC cases with intensity index below 4 m s −1 hPa −1 were defined as "weak TCs", those above 5 m s −1 hPa −1 were defined as "strong TCs", while those ranging from 4 to 5 m s −1 hPa −1 were defined as "moderate TCs". As illustrated in some literatures (e.g., [67] [68] [69] ), lower horizontal resolutions of NWP models probably cannot well represent the intensity of stronger TCs. So, when the derived data, which were based on OPT and OPTPM fields with resolution of roughly 9 km, were used in the DA system with resolution of roughly 3 km, the representative error of the derived data should be larger for stronger TCs. For this reason, values of qc, namely qc1, were set to 5.0, 4.0, and 3.0 for weak, moderate, and strong TCs, respectively.
(2) The track error of OPT fields ranged from 10 to 90 km, with the mean around 50 km ( Figure  5c ). So, if such track error exceeded 50 km, the corresponding derived data was considered to be characterized by evident track errors. In this case, the value of qc, namely qc2, were set to qc1 − 1 to exclude observations with large innovations in a more rigorous way.
(3) For OPT fields, the ratio of the track error to the gale_radius, which was reported in Figure 5 . Box-and-whisker plots for the intensity index (a), which was calculated as the ratio of V max to P min , and then inflated 100 times and averaged over all the analysis times (unit: m s −1 hPa −1 ), and the V max bias (b), track error (c), and V max error (d) with official real-time warning information from CMA (WARNING) as the truth over all OPT-derived data used in the analysis for all the 28 forecasts. The red thick line in the box indicates the median value, the circle represents the mean value, the box shows the interquartile range (i.e., the 25th and 75th percentiles), the horizontal line outside the box (i.e., whiskers) marks the percentiles of 1.5 times the interquartile range, and points outside the whisker are outliers.
(1) Since TCs with different intensities show different characteristics of forecast or estimation errors [13, 63] , intensity index was defined here to divide all the 17 TCs into three groups. Specifically, intensity index was calculated as the ratio of V max to P min , which were both reported in WARNING, and then inflated 100 times and averaged over all analysis times. As shown in Figure 5a , intensity index for TCs investigated here ranged from 1 to 7 m s −1 hPa −1 , with mean of roughly 4 m s −1 hPa −1 . The TC cases with intensity index below 4 m s −1 hPa −1 were defined as "weak TCs", those above 5 m s −1 hPa −1 were defined as "strong TCs", while those ranging from 4 to 5 m s −1 hPa −1 were defined as "moderate TCs". As illustrated in some literatures (e.g., [67] [68] [69] ), lower horizontal resolutions of NWP models probably cannot well represent the intensity of stronger TCs. So, when the derived data, which were based on OPT and OPTPM fields with resolution of roughly 9 km, were used in the DA system with resolution of roughly 3 km, the representative error of the derived data should be larger for stronger TCs. For this reason, values of qc, namely qc 1 , were set to 5.0, 4.0, and 3.0 for weak, moderate, and strong TCs, respectively.
(2) The track error of OPT fields ranged from 10 to 90 km, with the mean around 50 km (Figure 5c ). So, if such track error exceeded 50 km, the corresponding derived data was considered to be characterized by evident track errors. In this case, the value of qc, namely qc 2 , were set to qc 1 − 1 to exclude observations with large innovations in a more rigorous way.
(3) For OPT fields, the ratio of the track error to the gale_radius, which was reported in WARNING, was also calculated and averaged over all the analysis times. If such ratio was larger, the risk that the TC circulation of OPT fields obviously deviated from the observed TC circulation was also larger. Thus, if such ratio exceeded 0.6, the corresponding derived data was thought to probably have detrimental impacts on DA and the value of qc, namely qc 3 , were set to qc 2 − 1.
(4) As illustrated in Section 2.5, OPT fields on average showed better performance in describing the TC track for non-northeast TCs than for northeast TCs. Thus, the value of qc, namely qc 4 , were set to qc 3 − 1 for northeast TCs.
After the above four-step QC, the value of qc can be finally determined. Additionally, the minimum value of qc was restricted to be 1.0. Note that, the above QC used the TC-dependent although somewhat ad hoc qc rather than the fixed or static qc, which is commonly used for real observations. Actually, some sensitivity experiments were carried out for two TC cases, i.e., Mujigae and Kujira, which were representative of TCs with different intensities. These sensitivity experiments showed the superiority of the TC-dependent qc over the fixed qc in TC forecasting (not shown).
Results of the Batch Experiment
Forecasts of TC Track and Intensity
For all the 28 forecasts, there were no statistically significant differences in TC track errors between AOPT or AOPM and CTL at 6-h and 12-h lead times (Figure 6a ). However, in terms of the analyzed location of TC center, errors in both AOPT and AOPM were significantly larger than in CTL (Figure 6a ). This degeneration of describing initial TC locations of both AOPT and AOPM relative to CTL limited the improvements by assimilating the derived data in the TC track forecasting. Compared with AOPT, AOPM showed some slight improvements in the TC track forecasting, with significant improvements at the 12-h lead times.
On average, both AOPT and AOPM showed slightly smaller errors in analyzing and predicting the TC intensity (i.e., P min and V max ) than CTL, especially for P min in the later period of the 12-h forecasts (Figure 6b ). The degeneration of TC V max forecasting of both AOPT and AOPM over CTL at the 6-h lead times is likely the result of the poor spinup process due to assimilating the derived data. The TC intensity errors, with respect to both P min and V max , were generally similar between AOPT and AOPM, with smaller errors at the 12-h lead times in the latter than in the former (Figure 6b,c) .
In summary, assimilating the derived data led to some degenerations (improvements) in analyzing and predicting the TC track (intensity). Recall from Figure 5c ,d that there were a few evident deviations of the derived data from WARNING in terms of both track and intensity, with track (V max ) errors exceeding 50 km (5 m s −1 ). Obviously, such derived data were characterized by larger errors or worse qualities relative to WARNING than other derived data. The differences in quality between different derived data would potentially lead to differences in the contributions to forecast performance. Did the forecasts with these "large-error" derived data assimilated contribute to the degenerations due to assimilation of the derived data in the analysis and forecast of TC track? It is important to answer this question for further revealing the deficiency of the proposed derived-data assimilation technique. For this purpose, the TC track and intensity errors were recalculated based on the 17 forecasts with the "small-error" derived data assimilated (Figure 6d-f) . Here, for both the OPT-and OPTPM-derived data, if their track errors ( Figure 5c ) were below 50 km or V max errors (Figure 5d ) were below 5 m s −1 , the corresponding data were defined as "small-error" derived data; otherwise, "large-error" derived data were used to identify the corresponding data. The criterions (i.e., 50-km track errors and 5-ms −1 V max errors), used to separate the derived data between the "large-error" and the "small-error" ones, were nearly the mean or median values of errors for all TC cases (Figure 5c,d) . Besides, there were 17 (11) forecasts with the "small-error" ("large-error") derived data assimilated, suggesting that the samples were generally comparable between forecasts with "small-error" derived data assimilated and those without. Thus, the comparison between forecasts with derived data of different qualities assimilated should be generally fair.
shown).
Results of the Batch Experiment
Forecasts of TC Track and Intensity
For all the 28 forecasts, there were no statistically significant differences in TC track errors between AOPT or AOPM and CTL at 6-h and 12-h lead times (Figure 6a ). However, in terms of the analyzed location of TC center, errors in both AOPT and AOPM were significantly larger than in CTL (Figure 6a ). This degeneration of describing initial TC locations of both AOPT and AOPM relative to CTL limited the improvements by assimilating the derived data in the TC track forecasting. Compared with AOPT, AOPM showed some slight improvements in the TC track forecasting, with significant improvements at the 12-h lead times. , (e), and Vmax (c), (f) at different lead times, for all the 28 forecasts (a), (b), (c) and for the 17 forecasts with the "small-error" derived data assimilated (d), (e), (f). Black (gray) squares, diamonds and asterisks indicate the lead times for which the significance level of the absolute error differences is larger than 90% (85%) for the comparisons between assimilation of OPT-derived observations (AOPT) and control (CTL), between assimilation of OPTPM-derived observations (AOPM) and CTL, and between AOPT and AOPM, respectively. The legend in (d) identifies the three experiments shown in these panels. , and V max (c,f) at different lead times, for all the 28 forecasts (a-c) and for the 17 forecasts with the "small-error" derived data assimilated (d-f). Black (gray) squares, diamonds and asterisks indicate the lead times for which the significance level of the absolute error differences is larger than 90% (85%) for the comparisons between assimilation of OPT-derived observations (AOPT) and control (CTL), between assimilation of OPTPM-derived observations (AOPM) and CTL, and between AOPT and AOPM, respectively. The legend in (d) identifies the three experiments shown in these panels.
As shown in Figure 6d , the TC track errors in both AOPT and AOPM became close to those in CTL, after removing the forecasts with the "large-error" derived data assimilated. In this case, assimilating the derived data did not significantly influence the analysis and forecast of TC track. However, for the analysis and forecast of TC intensity, removing the forecasts with the "large-error" derived data assimilated did not further increase but even reduce the advantage of AOPT or AOPM over CTL (Figure 6e,f) . The error of initial TC location in CTL was below 50 km over all the 28 forecasts (Figure 6a) . Therefore, including the information of some "large-error" derived data would probably degrade the analysis and thus the forecast performance of TC track. However, the case was different for TC intensity. Because the error of initial TC V max in CTL was evidently larger than 5 m s −1 , additionally assimilating some "large-error" derived data could still improve the analysis and thus the forecast performance of TC intensity.
Forecasts of Precipitation
Similar to [56] , rainfall with precipitation rates greater than 0.1, 10, 20, and 40 mm h −1 is defined as light, moderate, heavy, and extremely heavy rainfall, respectively, in this study.
Compared with CTL, both AOPT and AOPM significantly improved the forecasts of light rainfall during the whole 12-h forecasts (Figure 7a) . Moreover, AOPM outperformed AOPT in predicting light rainfall, although the differences were not statistically significant (Figure 7a) . However, the advantages of AOPT or AOPM over CTL in predicting light rainfall were not significant for the forecasts with "small-error" derived data assimilated (Figure 7b) , which implies that assimilation of "large-error" derived data still benefits the forecasts of rainfall with smaller threshold. As illustrated previously (Figure 6 ), assimilation of "large-error" derived data led to some improvements (degenerations) in predicting the TC intensity (track). Probably, such degenerations in predicting the TC location do not necessarily cause degenerations in predicting the whole TC circulation, which is closely related to the distribution of light rainfall, because the differences of TC track errors between all the 28 forecasts and the forecasts with "small-error" derived data assimilated were below 15 km (comparing Figure 6a,d) , which are evidently smaller than the size of TC circulation. On the contrary, improvements in predicting the TC intensity due to assimilation of "large-error" derived data can improve the forecasts of TC circulation and thus light rainfall, especially for AOPM (comparing Figure 7a,b) .
For the forecasts of moderate rainfall, AOPT showed significantly improvements over both AOPM and CTL in the first few hours (Figure 7c ). However, for the performance during the whole 12-h forecasts, assimilating the OPT-or OPTPM-derived data did not bring significant improvements (Figure 7c ). These conclusions are valid for all the forecasts, regardless of whether "large-error" or "small-error" derived data were assimilated (Figure 7c,d) . Considering that the distribution of moderate rainfall should be closer to the TC center than that of light rainfall, degenerations caused by assimilating "large-error" derived data in the TC location forecasting are likely more evident for predicting moderate rainfall than light rainfall. Consequently, such degenerations in predicting the TC location might compensate for the improvements in predicting the TC intensity and thus result in marginal impacts of excluding "large-error" derived data on DA.
Comparison between AOPT and CTL showed that, assimilation of the OPT-derived data resulted in consistent improvements in predicting heavy rainfall during the whole 12-h forecasts (Figure 7e ). Assimilating the OPTPM-derived data seemed to degrade the forecasts of heavy rainfall, although the degradations were not statistically significant (Figure 7e ). If only "small-error" OPTor OPTPM-derived data were assimilated, the forecasts of heavy rainfall can be slightly improved, especially for the former (latter) during the first (last) few hours (Figure 7f) . Obviously, improvements in predicting the TC intensity due to assimilating "large-error" derived data were overwhelmed by degenerations in predicting the TC location, which were highly related to the forecasts of heavy rainfall.
Due to limited observations or forecast samples for extremely heavy rainfall, the forecast differences among CTL, AOPT, and AOPM were not statistically significant; although the positive impacts of assimilating the derived data were still observed in some lead times (Figure 7g ). Similar to heavy rainfall, excluding "large-error" derived data in DA increased the positive impacts of the derived data assimilation on the forecasts of extremely heavy rainfall, especially for AOPM (Figure 7h) .
In summary, assimilation of the OPT-derived data was beneficial to the TC precipitation forecasting at some thresholds, with significant impacts on lighter rainfall. Significant positive impacts of assimilating the OPTPM-derived data were limited to the forecasts of light rainfall. The forecast differences of precipitation between AOPT and AOPM, especially for moderate and heavy rainfall, are attributed to the forecast differences of TC intensity, because both of the predicted precipitation (Figure 7a ,c,e) and TC intensity (Figure 6b ,c) were better (worse) during the last (first) few hours in AOPM than in AOPT. To improve the forecasts of heavier rainfall, it is better to assimilate "small-error" instead of "large-error" derived data, especially for the OPTPM-derived data. the whole TC circulation, which is closely related to the distribution of light rainfall, because the differences of TC track errors between all the 28 forecasts and the forecasts with "small-error" derived data assimilated were below 15 km (comparing Figure 6a,d) , which are evidently smaller than the size of TC circulation. On the contrary, improvements in predicting the TC intensity due to assimilation of "large-error" derived data can improve the forecasts of TC circulation and thus light rainfall, especially for AOPM (comparing Figure 7a,b) . , and 40 (g), (h) mm and a neighborhood length of 50 km averaged over lead times from 1 to 3 h, 1 to 6 h, and 1 to 12 h, respectively, for all the 28 forecasts (left column) and for the 17 forecasts with the "small-error" derived data assimilated. Black numbers in the top of bars represent the numbers of FSS samples used to calculate the averaged FSS during different lead times. Black (gray) squares, diamonds and asterisks indicate the lead times for which the significance level of the absolute error differences is larger than 90% (85%) for the comparisons between AOPT and CTL, between AOPM and CTL, and between AOPT and AOPM, respectively. The legend in (e) identifies the three experiments shown in these panels. , and 40 (g,h) mm and a neighborhood length of 50 km averaged over lead times from 1 to 3 h, 1 to 6 h, and 1 to 12 h, respectively, for all the 28 forecasts (left column) and for the 17 forecasts with the "small-error" derived data assimilated. Black numbers in the top of bars represent the numbers of FSS samples used to calculate the averaged FSS during different lead times. Black (gray) squares, diamonds and asterisks indicate the lead times for which the significance level of the absolute error differences is larger than 90% (85%) for the comparisons between AOPT and CTL, between AOPM and CTL, and between AOPT and AOPM, respectively. The legend in (e) identifies the three experiments shown in these panels.
In order to further investigate the impact of assimilating "small-error" derived data on heavy rainfall, the 25-km FSS was also compared between different experiments (Figure 8a ). The improvements in predicting heavy rainfall of AOPM over AOPT and CTL progressed when the neighborhood length of FSS decreased, illustrating that the advantage of AOPM over AOPT and CTL was more evident for heavy rainfall with more local scales. 
Forecasts of Surface Wind
In this study, 10-m wind speed greater than 8.0, 17.2, 24.5, and 32.7 m s −1 is defined as weak, moderate, strong, and extremely strong wind, respectively.
During the whole 12-h forecasts, both AOPT and AOPM significantly underperformed CTL for predicting weak wind (Figure 9a ). This result held even if only "small-error" derived data were assimilated (Figure 9b) . However, the positive impacts of assimilating the OPTPM-derived data increased when only "small-error" derived data were assimilated, especially in the first few hours (Figure 9b) . Furthermore, AOPM showed evident improvements over AOPT in predicting weak wind, especially in the forecasts with "small-error" derived data assimilated.
The conclusion for the comparison among AOPT, AOPM, and CTL in the forecasts of moderate wind was roughly similar to that for the forecasts of weak wind, except that the forecast differences among the three experiments were statistically insignificant (Figure 9c,d) .
For the forecasts of strong wind during the whole 12-h forecasts, both AOPT and AOPM outperformed CTL, with significant improvements of AOPM over CTL during the last few hours (Figure 9e ). Although AOPT showed better performance in predicting strong wind than AOPM, the differences between them were not statistically significant. The positive impacts of assimilating the derived data, especially the OPTPM-derived data, were more evident in the forecasts with "smallerror" derived data assimilated than those with "large-error" one assimilated (Figure 9f ).
There were no statistically significant differences among CTL, AOPT, and AOPM, because of limited observations or forecast samples for extremely strong wind (Figure 9g) . Thus, the positive impacts of assimilating the derived data on the forecasts of extremely strong wind (Figure 9g) were the results based on some strong TC cases (e.g., Rammasun). Moreover, assimilation of the "smallerror" OPTPM-derived data showed more positive impacts than that of the "large-error" one ( Figure 9h) .
In short, the forecast improvements due to assimilating the derived data were mainly limited to strong wind, especially with significant improvements based on the assimilation of the OPTPMderived data. Again, similar to precipitation, the forecast differences of surface wind between AOPT and AOPM, especially for strong and extremely strong wind (Figure 9e,g ), were closely related to the forecast differences of TC intensity (Figure 6b,c) . Besides, the positive impacts of assimilating the "small-error" OPTPM-derived data increased with the predicted intensity of 
For the forecasts of strong wind during the whole 12-h forecasts, both AOPT and AOPM outperformed CTL, with significant improvements of AOPM over CTL during the last few hours (Figure 9e ). Although AOPT showed better performance in predicting strong wind than AOPM, the differences between them were not statistically significant. The positive impacts of assimilating the derived data, especially the OPTPM-derived data, were more evident in the forecasts with "small-error" derived data assimilated than those with "large-error" one assimilated (Figure 9f ).
There were no statistically significant differences among CTL, AOPT, and AOPM, because of limited observations or forecast samples for extremely strong wind (Figure 9g) . Thus, the positive impacts of assimilating the derived data on the forecasts of extremely strong wind (Figure 9g) were the results based on some strong TC cases (e.g., Rammasun). Moreover, assimilation of the "small-error" OPTPM-derived data showed more positive impacts than that of the "large-error" one ( Figure 9h ).
Atmosphere 2019, 10, x FOR PEER REVIEW 18 of 27 surface wind, which was also found in precipitation forecasting and probably attributed to similar reasons. In short, the forecast improvements due to assimilating the derived data were mainly limited to strong wind, especially with significant improvements based on the assimilation of the OPTPM-derived data. Again, similar to precipitation, the forecast differences of surface wind between AOPT and AOPM, especially for strong and extremely strong wind (Figure 9e,g ), were closely related to the forecast differences of TC intensity (Figure 6b,c) . Besides, the positive impacts of assimilating the "small-error" OPTPM-derived data increased with the predicted intensity of surface wind, which was also found in precipitation forecasting and probably attributed to similar reasons.
The positive impacts of assimilating the derived data (especially the OPT-derived data) on the forecasts of strong wind seemed to be weaker in the case of FSS with smaller neighborhood lengths (Figure 8b ), illustrating the difficulties in further improving the forecasts of strong wind with more local scales by assimilating the derived data. This result is different from that of heavy rainfall, which may be related to different predictabilities between strong wind and heavy rainfall. However, assimilation of the OPTPM-derived data was more effective in predicting strong wind with more local scales than assimilation of the OPT-derived data.
Results of the Case Study
In the case study, two 12-h forecasts, which were respectively initialized at 1200 UTC 3 and 0000 UTC 4 Oct 2015 (Figure 2) , were discussed. Note that, the derived data assimilated in these two forecasts were characterized by the "small-error" data.
Analyses
In the analyses at 1200 UTC 3 October, which served as IC of the 12-h forecasts, there were evident differences for the TC intensity among CTL, AOPT, and AOPM, although the TC sizes were generally similar ( Figure 10) . Specifically, the analyzed TC was strongest in AOPM (Figure 10c ), followed by AOPT (Figure 10b ). Recall from Figure 3 , where OPT and OPTPM fields derived 6 h earlier are shown, that stronger surface wind was present in OPTPM fields than in OPT fields, especially in the northeast quadrant. Additionally, at the analysis time 6 h earlier, the TC intensities in both OPT and OPTPM fields were larger than that in the analyses of CTL (not shown). Thus, compared with both CTL and AOPT, the stronger TC in IC of AOPM was attributed to the OPTPM-derived data assimilated during the 6-h DA cycle. Moreover, the area characterized by strong wind in AOPT and AOPM was evidently larger than that in CTL. Compared with AOPT, in AOPM, the TC shape was rounder and the strong wind was more widespread although with smaller area. The positive impacts of assimilating the derived data (especially the OPT-derived data) on the forecasts of strong wind seemed to be weaker in the case of FSS with smaller neighborhood lengths (Figure 8b ), illustrating the difficulties in further improving the forecasts of strong wind with more local scales by assimilating the derived data. This result is different from that of heavy rainfall, which may be related to different predictabilities between strong wind and heavy rainfall. However, assimilation of the OPTPM-derived data was more effective in predicting strong wind with more local scales than assimilation of the OPT-derived data.
Results of the Case Study
In the case study, two 12-h forecasts, which were respectively initialized at 1200 UTC 3 and 0000 UTC 4 Oct 2015 (Figure 2 ), were discussed. Note that, the derived data assimilated in these two forecasts were characterized by the "small-error" data.
Analyses
In the analyses at 1200 UTC 3 October, which served as IC of the 12-h forecasts, there were evident differences for the TC intensity among CTL, AOPT, and AOPM, although the TC sizes were generally similar ( Figure 10) . Specifically, the analyzed TC was strongest in AOPM (Figure 10c ), followed by AOPT (Figure 10b ). Recall from Figure 3 , where OPT and OPTPM fields derived 6 h earlier are shown, that stronger surface wind was present in OPTPM fields than in OPT fields, especially in the northeast quadrant. Additionally, at the analysis time 6 h earlier, the TC intensities in both OPT and OPTPM fields were larger than that in the analyses of CTL (not shown). Thus, compared with both CTL and AOPT, the stronger TC in IC of AOPM was attributed to the OPTPMderived data assimilated during the 6-h DA cycle. Moreover, the area characterized by strong wind in AOPT and AOPM was evidently larger than that in CTL. Compared with AOPT, in AOPM, the TC shape was rounder and the strong wind was more widespread although with smaller area. The initial TC location was also changed, when AOPT or AOPM was compared with CTL. The subtropical ridge, which is indicated by the 5880-gpm contour in Figure 10 , located more north in both AOPT and AOPM (Figure 10b ,c) than in CTL (Figure 10a) . As a result, the TC tracks in both AOPT and AOPM were generally more north than that in CTL during the first 6 h of forecasts ( Figure 11 ). The initial TC location was also changed, when AOPT or AOPM was compared with CTL. The subtropical ridge, which is indicated by the 5880-gpm contour in Figure 10 , located more north in both AOPT and AOPM (Figure 10b ,c) than in CTL (Figure 10a) . As a result, the TC tracks in both AOPT and AOPM were generally more north than that in CTL during the first 6 h of forecasts ( Figure 11 ). Thus, assimilation of the derived data during the DA cycle can modify not only the TC intensity and structure but also the TC location and steering flow.
Forecasts
Both AOPT and AOPM did not show consistent advantages over CTL in predicting the TC track, actually with evident advantages mainly in the first 12-h forecasts (Figure 11 ). Compared with CTL, the underestimation of TC intensity in both AOPT and AOPM was evidently reduced, especially in terms of Vmax (Figure 11 ). Obviously, these improvements of AOPT or AOPM over CTL in the TC intensity forecasting were closely related to the improved descriptions of TC intensity in the analyses (Figures 10 and 11) .
At 1600 UTC 3 October when Mujigae approached HN, moderate wind was observed near the coasts of southwest GD and northeast HN (Figure 12a ). Apparently, moderate wind was underestimated in both CTL and AOPT, especially in CTL (Figure 12b,c) . Overall, AOPM showed the best performance in predicting moderate wind (Figure 12d ), followed by AOPT (Figure 12c) . Moreover, strong and even extremely strong wind was observed to occur in the northwest and southwest quadrants of the TC circulation (Figure 12a) . Again, AOPM outperformed both AOPT and CTL in predicting the intensity and structure of (extremely) strong wind, although the location error was indeed present (Figure 12d ). Thus, assimilation of the derived data during the DA cycle can modify not only the TC intensity and structure but also the TC location and steering flow.
Both AOPT and AOPM did not show consistent advantages over CTL in predicting the TC track, actually with evident advantages mainly in the first 12-h forecasts (Figure 11 ). Compared with CTL, the underestimation of TC intensity in both AOPT and AOPM was evidently reduced, especially in terms of V max (Figure 11 ). Obviously, these improvements of AOPT or AOPM over CTL in the TC intensity forecasting were closely related to the improved descriptions of TC intensity in the analyses (Figures 10 and 11) .
At 1600 UTC 3 October when Mujigae approached HN, moderate wind was observed near the coasts of southwest GD and northeast HN (Figure 12a) . Apparently, moderate wind was underestimated in both CTL and AOPT, especially in CTL (Figure 12b,c) . Overall, AOPM showed the best performance in predicting moderate wind (Figure 12d ), followed by AOPT (Figure 12c) . Moreover, strong and even extremely strong wind was observed to occur in the northwest and southwest quadrants of the TC circulation (Figure 12a ). Again, AOPM outperformed both AOPT and CTL in predicting the intensity and structure of (extremely) strong wind, although the location error was indeed present (Figure 12d ). At 0000 UTC 4 October, i.e., 6 h ahead of the landfall of Mujigae, several rainbands characterized by moderate rainfall occurred in the southwest GD, with heavy and extremely heavy rainfall in some areas (Figure 13a ). Among the three experiments, AOPM generally performed best in predicting the observed rainbands in terms of both magnitude and location (Figure 13d ). The advantages of AOPT over CTL were limited to predicting the outer rainbands; while for inner rainbands, AOPT behaved worse than CTL (Figure 13b,c) .
The improvements of AOPM over AOPT and CTL in predicting both the inner and outer rainbands ( Figure 13d ) were relevant to those in predicting the structure of TC circulation, i.e., wind fields (Figure 12d ), because the pattern of TC rainbands was generally similar to that of TC surface wind, especially around the TC inner core. However, the stronger predicted surface wind in AOPM/AOPT than in CTL did not necessarily lead to heavier predicted rainfall. Thus, the underestimation of heavy and extremely heavy rainfall in CTL was not well alleviated in both AOPM and AOPT. At 0000 UTC 4 October, i.e., 6 h ahead of the landfall of Mujigae, several rainbands characterized by moderate rainfall occurred in the southwest GD, with heavy and extremely heavy rainfall in some areas (Figure 13a ). Among the three experiments, AOPM generally performed best in predicting the observed rainbands in terms of both magnitude and location (Figure 13d ). The advantages of AOPT over CTL were limited to predicting the outer rainbands; while for inner rainbands, AOPT behaved worse than CTL (Figure 13b,c) .
The improvements of AOPM over AOPT and CTL in predicting both the inner and outer rainbands ( Figure 13d ) were relevant to those in predicting the structure of TC circulation, i.e., wind fields (Figure 12d ), because the pattern of TC rainbands was generally similar to that of TC surface wind, especially around the TC inner core. However, the stronger predicted surface wind in AOPM/AOPT than in CTL did not necessarily lead to heavier predicted rainfall. Thus, the underestimation of heavy and extremely heavy rainfall in CTL was not well alleviated in both AOPM and AOPT. 
Conclusions and Discussion
In order to partially address the difficulty that insufficient inner-core observations have been assimilated in the current convection-permitting NWP model in Southern China, which has severely limited the operational forecast skill of landfalling TCs, assimilation of the pseudo observations derived from some deterministic products of TREPS was implemented in this study.
Both OPT and OPTPM fields from TREPS were used to derive pseudo observations with the horizontal resolution of roughly 45 km. The derived data generally showed acceptable accuracy, compared with the TC track and Vmax uncertainties of some best-track data. And the estimation of TC intensity was more accurate in the OPTPM-derived data than in the OPT-derived data, because the excessive smoothing in OPT fields can be avoided in OPTPM fields. The ensemble spreads from TREPS after some scaling processes were used to simply estimate the standard deviations of observation errors for the derived data. A series of QC steps were carried out to reduce the impacts of inevitable forecast errors present in the derived data on DA.
The impact of assimilating the derived data on the 12-h forecasts of TC track, intensity, precipitation and surface wind was examined by conducting a batch experiment covering 17 TCs making landfall in Southern China during 2014-2016. This batch experiment included 28 analysisforecast cycles based on the GRAPES-CHAF3KM DA system and GRAPES-MARS3KM model whose horizontal resolution is about 3 km. The control experiment (CTL) without the derived data assimilated was compared with the experiments, namely AOPT and AOPM, with the OPT-and OPTPM-derived data assimilated respectively.
Verification of the TC track forecasting indicated the statistically insignificant impacts of assimilating the derived data, which was due to the degeneration of describing initial TC location caused by the assimilation of derived data. Furthermore, compared with the OPT-derived data, assimilating the OPTPM-derived data slightly improved the TC track forecasting at later lead times. Overall, both the analysis and forecast of TC intensity were slightly improved by assimilating the 
Both OPT and OPTPM fields from TREPS were used to derive pseudo observations with the horizontal resolution of roughly 45 km. The derived data generally showed acceptable accuracy, compared with the TC track and V max uncertainties of some best-track data. And the estimation of TC intensity was more accurate in the OPTPM-derived data than in the OPT-derived data, because the excessive smoothing in OPT fields can be avoided in OPTPM fields. The ensemble spreads from TREPS after some scaling processes were used to simply estimate the standard deviations of observation errors for the derived data. A series of QC steps were carried out to reduce the impacts of inevitable forecast errors present in the derived data on DA.
The impact of assimilating the derived data on the 12-h forecasts of TC track, intensity, precipitation and surface wind was examined by conducting a batch experiment covering 17 TCs making landfall in Southern China during 2014-2016. This batch experiment included 28 analysis-forecast cycles based on the GRAPES-CHAF3KM DA system and GRAPES-MARS3KM model whose horizontal resolution is about 3 km. The control experiment (CTL) without the derived data assimilated was compared with the experiments, namely AOPT and AOPM, with the OPT-and OPTPM-derived data assimilated respectively.
Verification of the TC track forecasting indicated the statistically insignificant impacts of assimilating the derived data, which was due to the degeneration of describing initial TC location caused by the assimilation of derived data. Furthermore, compared with the OPT-derived data, assimilating the OPTPM-derived data slightly improved the TC track forecasting at later lead times. Overall, both the analysis and forecast of TC intensity were slightly improved by assimilating the derived data, especially in the later period of the 12-h forecasts. Similar performances of TC intensity forecasting were found between AOPT and AOPM, although AOPM outperformed AOPT at later lead times. Assimilating the "large-error" derived data, which were characterized by track (V max ) errors exceeding 50 km (5 m s −1 ) compared with WARNING, degraded both the analysis and forecast of TC track, but it could still improve the analysis and forecast of TC intensity.
Assimilating the OPT-derived data brought improvements in predicting the TC precipitation at some thresholds, especially the lighter rainfall. Limited benefits of assimilating the OPTPM-derived data were found in the forecasts of light rainfall, besides, the negative impacts, albeit statistically insignificant, on TC V max forecasting in the first few hours probably limited the positive impacts on the forecasts of heavier rainfall. Assimilation of the "small-error" derived data, especially the OPTPM-derived data, which were characterized by track errors below 50 km or V max errors below 5 m s −1 compared with WARNING, improved the forecasts of heavier rainfall. And this positive impact was more evident for heavy rainfall with more local scales.
The forecasts of strong wind were improved by assimilating the derived data, especially the OPTPM-derived data. Moreover, assimilation of the "small-error" OPTPM-derived data can further improve the forecasts of stronger wind. Although the further improvement in the forecasts of strong wind with more local scales by assimilating the derived data was limited, assimilation of the OPTPM-derived data was more effective to address this difficulty than assimilation of the OPT-derived data.
A case study focused on the TC Mujigae, with the corresponding derived data identified as the "small-error" one, was used to intuitively demonstrate the impacts of assimilating the derived data. For this case, assimilation of the derived data (especially the OPTPM-derived data) during the 6-h DA cycle improved the representation of initial TC circulation by improving the description of TC intensity and structure in the analyses, which thus led to the improvements in the forecasts of TC intensity, surface wind, and precipitation. The initial TC location and steering flow were also modified by assimilating the derived data; however, the TC track forecasting did not be improved consistently.
The above conclusions highlight some values of assimilating the derived data from TREPS in landfalling TC forecasting for some variables, e.g., intensity, heavier rainfall, and stronger wind. However, neutral or negative impacts have been also observed for some variables, e.g., track and weaker wind, which strongly calls for further improvements in the technique of assimilating the derived data. Obviously, the accuracy of derived data highly depends on the forecast performance of deterministic products of EPSs, which definitely benefits from the improvements in EPSs. Thus, developments of EPSs, especially their deterministic guidance, are essential for further improvements in the derived data assimilation. Moreover, there are some ad hoc setups in the preprocessing of derived data, e.g., selecting the grid points, determining the observation errors, and QC, which are of relevance to the information derived from EPSs. Therefore, improvements of these setups in future works will further improve the effectiveness of the derived data assimilation. However, the current ad hoc setups are still excessive and would probably limit the broader applicability of the derived data assimilation. Most of these setups are used to address the deficiency due to the poor quality of the derived data in DA. Hence, improving the quality of the derived data will reduce the requirement of ad hoc setups and thereby widen the applicability of the derived data assimilation. More ground-based observations, especially those located around the coast, such as Doppler radar, should also be assimilated along with the derived data, because both the coverage and accuracy of derived data are still insufficient to fully describe the TC circulation. Consequently, the experiments incorporating the derived data and more observations will be conducted in a future study. Considering less observations and forecast samples (especially for extremely heavy rainfall and extremely strong wind) used in this study, more experiments covering more TC cases are needed to draw general conclusions about the performance of assimilating the derived data in TC forecasting, which is very necessary for prompting the assimilation of EPS-derived data in operation.
